Prostate cancer is heterogeneous in both cellular composition and patient outcome, and development of biomarker signatures to distinguish indolent from aggressive tumours is a high priority. Stroma plays an important role during prostate cancer progression and undergoes histological and transcriptional changes associated with disease. However, identification and validation of stromal markers is limited by a lack of datasets with defined stromal/tumour ratio. We have developed a prostate-selective signature to estimate the stromal content in cancer samples of mixed cellular composition. We identified stromal-specific markers from transcriptomic datasets of developmental prostate mesenchyme and prostate cancer stroma. These were experimentally validated in cell lines, datasets of known stromal content, and by immunohistochemistry in tissue samples to verify stromal-specific expression. Linear models based upon six transcripts were able to infer the stromal content and estimate stromal composition in mixed tissues. The best model had a coefficient of determination R 2 of 0.67. Application of our stromal content estimation model in various prostate cancer datasets led to improved performance of stromal predictive signatures for disease progression and metastasis. The stromal content of prostate tumours varies considerably; consequently, deconvolution of stromal proportion may yield better results than tumour cell deconvolution. We suggest that adjusting expression data for cell composition will improve stromal signature performance and lead to better prognosis and stratification of men with prostate cancer.
Introduction
Biomarker discovery in prostate and other cancers has flourished following the introduction of high-throughput technologies such as microarrays, next generation sequencing and bio-informatics. It is now possible to conduct studies on large patient cohorts with comprehensive tumour information to develop markers that predict disease progression. These studies have evolved to identify multi-gene expression signatures instead of single gene biomarkers.
Until recently, cancer biomarker discovery focussed upon molecules expressed by transformed cells in vitro and tumour-cell expressed markers. It is now evident that tumour stroma plays a major role in cancer development and progression, and is a complementary source of novel biomarkers. Prostate stroma is a complex tissue composed of cells such as fibroblasts, endothelial cells and immune cells. It undergoes histological and molecular changes during cancer progression shown to be associated with poor outcome [1] [2] [3] [4] . Reactive stroma expresses growth factors, chemokines, interleukins, fibroblast growth factors, matrix remodelling factors and other factors involved in growth, survival and angiogenesis to modulate tumourigenesis [5, 6] . Several studies from the Mercola group showed that prostate stroma expressed specific molecules associated with cancer that distinguished indolent from aggressive types [7, 8] . A classifier based on genes expressed in tumour adjacent stroma had high accuracy (97%) when tested in a cohort of 364 cases [9] . The challenge in developing reliable stromal biomarkers is the ability to de-convolute stromal-specific gene expression profiles from those of 412 N Boufaied et al tumour cells. Conflicting reports on the contribution of different cell types within gene expression profiles have been published. In leukaemic samples, de Ridder et al [10] showed that to obtain reliable microarray gene expression profiles, samples must contain at least 90% of target cells. Microarray analysis of tissues with less than 75% of tumour cellularity led to 25% of erroneously identified genes. In colon cancer samples, De Bruin et al [11] showed that a tissue with low epithelial (15%) content contributed 50% of the gene expression profile because the RNA yield of epithelial cells was higher than stroma. In a study across 21 different cancers, Aran et al showed that tumour purity was a confounder in genomic analysis. In three bio-informatic analyses routinely applied to cancer studies (correlation analysis, clustering and differential expression), the results were highly obscured by tumour purity because they correlated with tumour purity rather than cancer features [12] .
Tissue composition estimated by pathologists on H&E-stained slides can be inaccurate [13] . Conversely, micro-dissection and single cell-based techniques are too cumbersome to be implemented in large cohorts. The alternative is to develop methods to de-convolute transcriptomic data using cell specific markers and estimate their proportions within patient samples. Numerous computational based methods have been developed to extract cell-type specific information from complex tissues or to estimate cell-type proportion; but they are rarely applied in transcriptional or genomic studies. Five classes of computational approaches exist based on the input data required and the type of feature generated. Some methods combine expression profiling of heterogeneous tissues and cell proportion data [14] [15] [16] [17] [18] , others require either a signature or specific markers of each cell population [19] [20] [21] [22] [23] [24] [25] [26] while some methods rely little on proportion or expression profile [27] [28] [29] [30] . Most of these methods were developed using haematopoietic malignancies and studies in solid tumours have focussed on tumour (epithelial) cell content estimation. Stroma and other tissue components have largely been neglected. ESTIMATE was devised to calculate tumour purity using stromal and immune signatures [22] , while MCP-counter enables quantification of eight immune cell types and two stromal cells (fibroblast and endothelial) in tissues [31] . Among these methods, two have been created and validated in prostate cancer datasets. CellPred is a microarray based de-convolution algorithm that evaluates tumour and stroma content in mixed samples [32] . ISOpure is a statistical method which uses expression profiles from healthy tissues to predict the likely proportion of tumour and normal cells in samples [27, 33] . However, a method to quantify stromal content in prostate transcriptomic datasets such as RNAseq data is currently lacking.
We have identified transcripts with stromal expression in the prostate and developed a model to infer stromal contribution within tumour samples. We defined 17 transcripts able to distinguish stromal from epithelial cells that were specific to prostate cancer. We experimentally validated the stromal specificity of these transcripts and used a subset to derive a linear model for estimating stromal content. We used our model to calculate the stromal content of two independent datasets (TCGA and University of Calgary) and demonstrated reliable stromal quantitation of equal or better performance than current models. Finally, we showed that stromal based classifiers performed better when tested in datasets adjusted for stromal content.
Materials and methods

Ethical approval and consent to participate
The expression profiles retrospective patients were extracted from the Decipher GRID registry (NCT02609269). Tissue samples were collected from archival samples processed at the Department of Pathology-Calgary Laboratory Services. All Clinical and pathological data were obtained with approval of the institutional review board at University of Calgary, Cumming School of Medicine. Calgary, Alberta, Canada.
Selection of stromal control transcripts
To derive a prostate stromal quantitation signature, we first selected stromal-specific transcripts from published gene expression datasets and compared this to prostate mesenchyme transcriptional profiling data followed by a series of filtering criteria detailed in Figure 1 .
Gene expression profile datasets
Datasets were retrieved from Gene Expression Omnibus (GEO). Datasets with micro-dissected prostate tissues: GSE26910 [34] contains 24 micro-dissected normal and reactive stroma samples from prostate and breast analysed with Affymetrix Human Genome U133 plus 2.0 array. GSE20758 [35] includes paired stroma and epithelial micro-dissected prostate tissues analysed using Affymetrix U133 2A array. GSE6099 [36] includes micro-dissected stroma and epithelial prostate tissues from various origin (normal, BPH, HGPIN, localised cancer and metastasis). Epithelial samples were further subcategorised into normal epithelium adjacent to prostate cancer (PCa), atrophic epithelium, normal epithelium and BPH epithelium. Stromal samples were subcategorised to stroma adjacent to PCa, normal stroma and BPH stroma. Expression profiling was conducted using the Chinnaiyan Human 20 K Hs6 array. We used datasets with pathologist's estimation of tissue composition: GSE8218 [32] which is composed of 136 samples; 65 samples with high tumour cellularity and 71 tumour samples micro-dissected to obtain tumour-adjacent stroma processed on the Affymetrix Human Genome U133 plus 2.0 array. This dataset has pathologist estimation of four different tissue components (tumour, stroma, BPH and atrophic glands). GSE1431 [15] containing 88 prostate tissue samples the criteria used to select transcripts for stromal content estimation. These were subsequently examined in micro-dissected tissue datasets, to compare expression in stromal versus epithelial cells. (B) Normalised expression of each of the 17 transcripts was centred and scaled and then used to create a signature score (average) in GSE20758 [35] . Bar plot showing signature score for each micro-dissected sample. (C) Box plot showing the range of signature score in stromal samples versus epithelial samples; the score was higher in stromal samples (P value = 3.42e−3). (D) Normalised expression of each of 13 transcripts present on the array was centred and scaled and then used to create a signature score (average) in GSE6099 [36] . Bar plot showing signature score for 12 stroma micro-dissected samples and 59 micro-dissected epithelial samples. (E) Signature scores range in different cell population as identified in Tomlins et al [36] . The signature score of stromal samples was significantly higher than epithelial samples (P value = 8.71e−10). Black circle represents the signature score mean. scored for tumour, stroma and BPH content; profiling was conducted using the Affymetrix U95Av2 array. Other prostate datasets used in this analysis included: GSE11682 [1] , Richardson et al [37] , GSE21031 [38] and GSE46691 [39] . Additionally, we used ovarian dataset GSE38666 [40] composed of eight normal stroma and adjacent epithelia plus seven tumour stroma and adjacent tumour tissues. Gene expression analysis was conducted using the Affymetrix Human Genome U133 plus 2.0 array. University of Calgary stromal dilution cohort contained 39 samples obtained from six unique patients. Expression profiles were extracted from the Decipher GRID registry (NCT02609269). Institutional Review Board approval was obtained 414 N Boufaied et al from the participating institution prior to initiating the current study. RNA extraction and microarray hybridisation to Affymetrix Human Exon 1.0ST arrays (Affymetrix, Santa Clara, CA, USA) for the University of Calgary cohort were performed in a Clinical Laboratory Improvement Amendments-certified laboratory (GenomeDx Biosciences, Vancouver, Canada) and has been described previously [39, 41, 42] .
Microarray data processing
Expression levels from Affymetrix array based studies were normalised using SCAN [43] , batch corrected using ComBat (SVA package) [44] , probes were mapped to unique transcripts with biomaRt [45] . Multiple probes for the same gene were collapsed by using collapseRows function of WGCNA [46] [47] [48] . Relative gene expression was calculated by subtracting from the gene estimate the mean expression value across all patients in the dataset, and then dividing it by its standard deviation across all patients (z-score). Signature score was calculated by averaging the relative expression of the genes in the signature.
Tissue cell-type composition analysis
Three different methods were used to assess tissue composition. ESTIMATE stroma scores and ESTIMATE tumour purity were calculated using the ESTIMATE R package [4] . Tumour purity was calculated using the IsoPure R package [33] and tumour and stromal percentage were estimated with CellPred (http://www .webarraydb.org) [32] .
TCGA dataset
TCGA expression data and patient clinicopathological data were downloaded with TCGAbiolinks R package (Bioconductor; http://www.bioconductor.org) [49] and H&E slides were downloaded from the NCI GDC legacy Archive. Estimation of stromal area was performed using ImageScope viewer and analysis software (Aperio Technology Inc., Vista, CA, USA). The Aperio Positive Pixel count algorithm was used to calculate tissue area (Atotal). A new algorithm (stroma Algorithm) was created to calculate the stromal area: the Aperio Positive Pixel count algorithm input parameters were set to obtain the identification of pixels related to the stroma as weak positive (Nwp in yellow) and tuned to make non-specific pixels (in blue) define epithelia. Stroma was then defined by Atotal × Nwp/Ntotal. Stromal percentage was calculated as stromal area/tissue area × 100 (see supplementary material, Figure S1 ). To validate the accuracy of software estimation, stromal percentage was reviewed by a pathologist (blinded to the predicted stromal content). Only validated cases were retained for analysis [50] and we excluded slides with tissue not properly spread (n = 111). The stromal percentage was averaged for samples with two slides (n = 84). TCGA RNAseq data (HTSeq-count) for prostate cancer were downloaded using TCGAbiolinks R package [49] .
Genes with low read counts were removed. Read counts were normalised by library size with the 'DESeq2' package [51] and voom transformed using the limma R package [52] .
Cell culture
Normal prostate fibroblast cells, PrSC (Lonza), cancer-associated fibroblasts (CAF) [53] , WPMY-1 [54] , BHPrS [55] normal prostate epithelial cells, RWPE-1 (ATCC), BPH cells, BPH-1 [56] and prostate cancer epithelial cell lines, PC-3, LNCaP, DU-145 (ATCC) were maintained in DMEM (Wisent, Quebec, Canada) supplemented with 10% FBS. Six different cell mixtures of CAF or BHPrS and PC-3 were prepared (100, 70, 50, 30 and 0% fibroblasts). The concentration of each cell line was measured by haemocytometer and cell lines were mixed at the desired ratio.
RNA extraction and quantitative PCR
RNA from cell lines and cell mixtures was extracted using Trizol (Invitrogen, Carlsbad, CA, USA). One microgram of RNA was reverse transcribed using iScript™ (Bio-Rad, Hercules, CA, USA) and qPCR was performed using SYBR Green Real time Master Mix (Bio-Rad, Hercules, CA, USA). Cq-values were determined using the iQ5 software (Bio-Rad, Hercules, CA, USA), gene expression was normalised with the geometric mean of three reference transcripts (GAPDH, TPB and RNA18S).
Immunohistochemistry
Antibodies were chosen using ProteinAtlas (www .proteinatlas.org) and selected for those with stromalspecific staining. Formalin-fixed prostate cancer tissues were stained with C1S (NBP1-86439) diluted 1:50, RABGAP1L (H00009910-M05) diluted 1:600, RPBMS (NBP2-33810) (Novus Biologicals, Littleton, CO, USA) diluted 1:40 and VIM (Sigma-Aldrich, St. Louis, MO, USA; HPA001762) diluted 1:1000. After deparaffinising and rehydration, tissue sections were antigen-retrieved with citrate buffer pH 9 in a pressure cooker for 5 min. Slides were then treated with 0.5% H 2 O 2 for 30 min to quench peroxidase activity and blocked for 4 h with IHC select (Millipore, Billerica, MA, USA). Antibodies were hybridised overnight at 4 ∘ C. Primary antibodies were omitted to serve as negative controls, and staining patterns were consistent with those observed in ProteinAtlas.
Stromal model
We used linear regression (LM) to predict stromal content of a tissue from its transcriptome profile. GSE8218 [32] , where the stromal content was defined, was randomly divided into a training (n = 88) and a testing dataset (n = 44) and used for training and validating the algorithm. The algorithm performance was also measured in two independent datasets: TCGA and Calgary stroma dilution cohort. Twenty-three features were 
included as putative predicators for stromal content model. In addition to the 17 transcript expression level, we created six new features based on expression levels as described in Table 1 .
We built the LM model using the mlr package in R [57] with the 23 predicators, and then a chi-squared feature selection method was applied with generate-FilterValuesData function of the FSelector package in R [58] . The model was evaluated by computing the coefficient of determination (R 2 ), the root mean squared error (RMSE) of prediction and Spearman correlation. The stromal percentage generated by the model was used to adjust gene expression in stroma portion of a given tissue as follows; gene expression × stroma percentage/100.
Statistical analysis
All statistical analysis was performed using R and the Bioconductor suite (http://www.r-project.org). A two-tailed Student's t-test was used to evaluate differences between two groups. For experiments involving multiple comparisons, we performed one-way ANOVA with the Tukey post hoc test to evaluate differences. The Spearman and Pearson pairwise correlation method was used for all correlations analysis (car R package) [59] . The cor.test function from the R Stats package was used to calculate P values for each correlation. Hierarchical clustering was performed on either row-normalised gene expression or on the stromal normalised data using Cluster [60] and factoextra [61] . Tumours were assigned to different clusters based on the stromal classifier described previously [9] or stroma derived metastasis signature (SDMS) [62] . Heatmaps of the stroma classifier genes were produced using gene expression and stromal normalised gene expression using the R package ComplexHeatmap [63] . Kaplan-Meier survival analysis and log-rank tests were used to analyse recurrence-free survival using R package survival [64] and receiver operating characteristic (ROC) curves were used to compare the sensitivity and specificity of the risk prediction for recurrence-free survival using R package plotROC [65] .
Results
Identification of transcripts with stromal specificity
We selected a list of 174 stromal-specific transcripts by combining stromal-associated transcripts identified in two previous studies [15, 35] . We then identified the best candidates among this list using several criteria ( Figure 1A ). Transcripts with low Tag count (TPM) in our prostate fibroblast Tag profiling study [66] were removed to ensure transcripts could be easily detected and reliably quantitated. In order to define stromal-specific expression and expression across cell subsets, we used transcriptome data of prostate mesenchymal subsets (VMP and SU) [67, 68] to select transcripts ubiquitously expressed in mesenchyme. Transcripts shown to be dysregulated in prostate cancer, or differentially expressed between reactive and normal stroma were removed [1, 34, 37] . Transcripts encoding proteins with epithelial localisation by immunohistochemistry in the Human Protein Atlas (www .proteinatlas.org) [69] were removed. We included transcripts previously identified as expressed in prostate fibroblasts by our group [53, 66] . These criteria yielded 17 stromal-specific transcripts derived from prostate stroma that were used for further analysis ( Figure 1A) .
To determine whether the 17 transcripts could distinguish stromal versus epithelial tissue, we generated a signature score by averaging their expression in micro-dissected prostate samples that separated stroma from epithelia (GSE20758). The stromal score in the micro-dissected stroma enriched fraction was high, but was low in the epithelial fraction suggesting that these 17 transcripts could distinguish stromal versus epithelial tissues ( Figure 1B,D) . To confirm the utility of the signature score to distinguish the two tissue compartments, we used an independent dataset (GSE6099) that was not used to identify the stroma transcripts initially ( Figure 1C ,E). This gene expression dataset was generated using an in-house microarray platform; four of our stromal transcripts were absent from the microarray. The signature score was calculated by averaging the remaining 13 transcripts. Overall, there was a significant difference between the signature score in micro-dissected stromal samples compared to tumour cells. All micro-dissected samples (n = 12) showed a positive signature score while signature scores for epithelial samples had a wide range of values (negative and positive values). Normal epithelium and epithelium from BPH (EPI_NOR, EPI-BPH) had the lowest signature scores whereas epithelium from atrophic lesions had the highest signature score (EPI_ATR, EPI_ATR_PIA).
Prostate specificity of the stromal signature
Previous studies have shown that prostate stromal tissue differs from stroma of other organs, and it is documented that reactive stroma has a distinct gene expression profile compared to normal stroma [1, 34, 70] . We selected transcripts that were expressed ubiquitously in the stroma, and not differentially expressed between normal and reactive stroma. To verify whether our transcripts met these criteria, we compared the signature score of micro-dissected normal prostate stroma to reactive prostate stroma (GSE26910) [34] (Figure 2A,B) . Comparison of stromal signature score between normal and reactive stroma in prostate, breast and ovarian tissue. Signature score was calculated for micro-dissected normal and reactive stroma for prostate and breast tissues using GSE26910 [34] and for ovarian tissue using GSE38666 [40] . (A) Prostate stroma samples had a positive signature score; breast stroma samples had a negative signature score and ovarian stroma had a mixed signature. (B) Signature score for normal and reactive stroma are similar in prostate and breast tissues but significantly different in ovarian tissue (P value = 1.41e−02). (C) Signature score for prostate stroma is significantly different from breast signature score (P value = 6.40e−05) and ovarian signature score (P value = 8.98e−04). NS, not significant.
The signature score for normal stroma micro-dissected samples was similar to the signature score obtained for reactive micro-dissected stroma. We observed similar results in breast tissue samples, however, the signature score generated in ovarian micro-dissected normal stroma samples was significantly higher than signature score of reactive stroma samples in GSE38666 [40] ( Figure 2B) . When comparing the prostate signature score, we observed a significant difference between prostate signature score and breast or ovarian signature score suggesting that these transcripts showed specificity for prostate stroma ( Figure 2C ).
Experimental validation of stromal transcript expression
To assess the ability of these stromal genes to infer the stromal content, we created a mixture of tumour cells (PC-3) and normal fibroblasts (BHPrS) and a mixture of tumour cells (PC-3) and cancer fibroblasts (CAF) in varying proportions ranging from 0 to 100% and measured the expression of a subset of our stromal transcripts by RT-qPCR. C1S, FHL1, MYLK, RBPMS and VIM showed a decrease in gene expression correlating with reduced fibroblast proportion (see supplementary material, Figure S1A ,B). To verify stromal expression of selected transcripts via protein localisation, we performed immunohistochemistry for four of the 17 transcripts on prostate cancer tissues. As shown in Figure 3 , RABGAP1L and RBPMS were expressed in the nuclei of stromal cells while C1S and VIM were localised to stromal cytoplasm.
Model construction for stromal quantitation
To build a model for stromal content estimation, a gene expression dataset with stromal percentage defined by a pathologist was divided into testing and training datasets [9] . We used each of the stromal-specific 17 transcripts individually and created new features by combining subset of transcripts. This included summing or averaging the relative expression of the transcripts as described in the section 'Material and methods' to give a total of six features. To reduce the number predicator and select the most useful for predicting stromal content using the testing dataset, we performed a chi-squared test and selected four most predictive according to their chi-squared values ( Figure 4A ). Then, we constructed a linear model (see supplementary material, Figure S2 ). Graphical representation of model coefficients is presented in Figure 4B . Predicted and observed stromal content relationship in testing and training dataset is presented in Figure 4C ,D. The stromal estimation model had an R 2 of 0.46 and Spearman correlation of 0.71 in the training dataset, while in the testing dataset an R 2 of 0.67 and a Spearman correlation of 0.79 were observed. In the testing dataset, the expression level of the four predictive transcripts showed high correlation (Pearson's R 2 > 0.5) with stromal composition (see supplementary material, Figure S3 ). We have successfully combined a minimal number of stromal transcripts and created a linear model to estimate tissue stromal content. This model performed as well as the CellPred 250-gene model [32] (see supplementary material, Figure S4 ).
Model evaluation and validation in TCGA and GenomeDx datasets
In order to evaluate the performance of the stromal quantitation model using independent datasets, we estimated the stromal proportion within TCGA samples by image analysis. Prostate cancer histologic H&E stained sections from the TCGA Network were analysed using an Aperio stromal algorithm (see supplementary material, Figure S5 ). The stromal content of 308 samples included in the analysis ranged between 5 and 97%. The dataset showed a higher inclusion of normal tissues compared with cancer tissues but showed no statistically significant difference in Gleason scores (see supplementary material, Figure S5D ). The stromal content predicted by the stromal quantitation model showed poor correlation with the image-based estimation of stromal area (Spearman's R 2 = 0.42; Figure 5A ). However, a better correlation was observed between the stromal quantitation model and the stromal score of the ESTIMATE algorithm (Spearman's R 2 = 0.668; Figure 5B ). We also calculated the correlation between tumour content (tumour purity) estimates by ISOpure and our stromal quantitation and observed a highly inverse correlation (R 2 − 0.778; Figure 5C ), as expected. This suggested that transcriptomic-based deconvolution methods show greater concordance among different algorithms versus histopathology-based estimates. To investigate the divergence in model performance in TCGA testing and training dataset, we examined the correlation between histological-based tissue composition and transcriptomic-based method (CellPred, ESTI-MATE and ISOpure) in TCGA and GSE8218. As previously, shown, the two types of methods had low correlation in TCGA [12] . Interestingly, in GSE8218, the correlation coefficients between all methods were higher than in TCGA (see supplementary material, Figure S6 ). Taken together, our organ-selective stromal signature performed better than existing models in predicting stromal content.
To test the performance of our stromal quantitation model, we applied it to a Calgary cohort containing samples from six patients with known stromal content ranging from 5 to 60%; each sample was diluted to produce standard curves of stromal percentage for each patient. The correlation between the stromal signature score and stromal histological-based method was low (Spearman's R 2 = 0.31, Pearson's R 2 with adjustment for patient = 0.48) while the correlation with ESTI-MATE was considerably higher (Spearman's R 2 = 0.76) ( Figure 5D,E) . Next, we examined correlation between our stromal signature score and stromal dilution in each patient of the cohort individually and found a high association between them (see supplementary material, Figure S7 ). This showed that our signature could detect a wide range of stromal content.
Effect of 'stromalisation' on prognostic performance of a stromal classifier
To measure the effect of stromal normalisation on the performance of a stroma-based prognostic classifier, we assessed the performance of a 15 gene classifier developed by Jia et al [9] , using the Taylor dataset (GSE21032) [38] with or without stromal quantitation (stromalisation). We used our stromal quantitation model to define the stromal content of 160 samples in GSE21032. The stromal percentage ranged from 2 to 100% (see supplementary material, Figure S8A ). Then, we used the predicted stromal content to adjust gene expression values. Hierarchical clustering using the 15 genes included in the classifier divided the tumour samples into three groups (see supplementary material, Figure S8B-E) . Heatmaps of the markers in non-stromalised data showed modest differences between the three patient clusters ( Figure 6A ), but differences were clear after stromalisation of the data Scatter plot of stromal signature score in Calgary cohort versus stromal dilution (r = 0.48, P value <0.001 following correction for patient effects). (E) Correlation between stromal signature score and ESTIMATE stromal score (r = 0.78, P value = 1.1e−07).
( Figure 6B ). Survival analysis did not show a prognostic value for the signature (p = 0.25) when using raw tumour data ( Figure 6C ). However, when hierarchical clustering was applied to data that was stromalised, three groups were observed, with a clear association with biochemical recurrence (BCR) (p = 0.0047) ( Figure 6D ). Individuals in group 2 and 3 showed a very high hazard ratio of 3.03 and 4.15 (95% CI = 1.241-7.397; 95% CI = 1.543-11.189) ( Table 2) for the stromal signature [7] . The association remained significant in multivariate analysis (Table 3) ; hazards ratio (HR) 2.66 and 4.152 (95% CI = 1.066-6.641; 95% CI = 1.505-11.45). This highlights the importance of quantitating the stromal contribution within samples to maximise the performance of stromal prognostic signatures. Using the same strategy, we assessed the performance of the 93-gene stromal derived metastasis signature SDMS [62] , in GSE21034 [38] and in GSE 46691 [39] . Stromalisation showed a modest (approximately 10%) improvement of signature performance (see supplementary material, Figures S9 and S10 ).
Discussion
It has been shown that the stromal microenvironment plays an active role during prostate cancer development and progression. The dynamic interactions between stromal and epithelial compartments are involved in tumour growth, metastasis and patient outcome. To better predict prostate cancer progression, stromal-based prognostic signatures have been 420 N Boufaied et al Figure 6 . The effect of adjustment for stromal content upon the performance of a 15 gene stromal classifier in the Taylor dataset. Hierarchical clustering heatmap based on expression values of genes in the Jia et al [9] stromal classifier using the transcriptional profiles from GSE21034 [38] prior to 'stromalisation' (A) and post 'stromalisation' (B). Three groups of patients were identified, blue and purple indicate high and low expression levels, respectively. (C,D) Kaplan-Meier survival analysis of relapse-free survival according to the Jia stromal classifier of patients in the different groups. Groups were defined using expression data prior to 'stromalisation' showed no difference in progression (C). (D) Groups defined using expression data post 'stromalisation' show differential progression rates with a P value = 0.0047. The differences between the curves were assessed by the two-sided log-rank test. Overall P values are shown. * denotes P value < 0.05; ** denotes P value <0.01. (E) ROC curve analysis comparing the sensitivity and specificity of the predictive group defined prior and post stromalisation. Areas under ROC curve (AUCs) were 0.432 prior to stromalisation and 0.668 after stromalisation. developed. A significant limitation is the variable contribution of stroma within tumour samples, which is a confounding factor reducing stromal-specific signature performance. In this study, we identified prostate stromal-specific transcripts that we used to infer stromal composition. We constructed a model to predict the stromal composition of prostate tissue based on mRNA expression of six stromal-specific transcripts and validated its performance in TCGA and University of Calgary patient cohorts.
We have previously showed that subsets within prostate mesenchyme can be a useful source of stromal molecules involved in both development and prostate cancer progression [66, 67] . We identified 17 stromal-specific transcripts by combining data from micro-dissected prostate tissue and from our studies of mesenchyme during prostate development. These 17 transcripts distinguished prostate stroma from epithelia, and many showed stromal specificity at both RNA and protein level. Although prostate cancer stroma and fibroblasts are heterogeneous, our signature score in the stromal compartment was less variable than in the epithelial compartment. It was not significantly different between normal and reactive prostate stroma indicating [38] .
that we identified stromal transcripts with stable expression independent of disease or pathology. Our stromal signature distinguished prostate from breast and ovarian stroma, two other hormone-regulated cancers, supporting the concept that prostate stroma is distinct from stroma of other organs. These results also suggest that organ-specific stromal deconvolution signatures may perform better than generic stromal signatures designed for tissue deconvolution in multiple tumour types. We focussed on identifying the optimal prostate stromal-specific transcripts to build a reliable model for stromal quantitation and were able to improve the correlation coefficient between the predicted stromal composition and pathologist estimation in two datasets. In the testing and validation dataset, compared to the Wang 5-gene model (R 2 = 0.38) we observed an improved correlation coefficient of 0.7. Even though the model performed modestly in TCGA data (R 2 = 0.42), it was almost double that of ESTIMATE (R 2 = 0.23). Additionally, we observed better concordance between visual stromal quantitation and our transcript-based model in the Calgary stromal dilution cohort, albeit with a small sample size. In general, we have observed better correlation of our signature with computationally estimated cell proportions than visual estimation. The discrepancy between these two methods is common and has been attributed to error in pathologist estimation and use of different tissue for histology and RNA extraction. The tissue surface might not accurately represent the full tissue composition of a core, especially when the core extends far from the histological section, which leads to better correlations among transcript based methods versus poor correlation between transcript based methods and visual estimation.
We suggest that there is considerable need for transcript expression data derived from samples of known stromal composition. GSE8218 and Calgary cohorts were developed specifically to study tissue composition and when we closely examined the correlation between computational and pathologist estimation methods, we observed a higher correlation than in our stromally defined subset of TCGA data.
In most existing datasets, samples are included for gene expression profiling only if they contain at least 60% tumour cells; this is sub-optimal for stromal biomarker studies. Jia et al [9] developed a 19 probe-based classifier (17 genes expressed preferentially in the microenvironment), that predicted risk with high accuracy (87%). However, the classifier only worked in a dataset enriched in stroma and the performance decreased when applied to datasets with epithelial content greater than 10%. Using our stromal quantitation model, we observed that the signature derived by Jia et al could work very well in samples with low stromal content, after adjustment of expression values.
Our model is very simple, and only requires gene expression data of six transcripts; thus it could be used to estimate stroma content of old microarray datasets with limited number of probes as well as in RNAseq datasets that cover the whole genome. It is also easily implemented in Nanostring based measurement of transcript expression where limited number of transcripts can be assessed. The implementation of stromal deconvolution will lead to changes in biomarker discovery, and will support the identification of markers that change as a result of gene regulation rather than changes in cell proportions.
Conclusions
Biomarkers are keys for distinguishing indolent from aggressive prostate cancer, and to stratify patients among different treatment options. Patient samples used for transcript-based biomarker tests are comprised of several cell types including tumour, stroma and immune subtypes. To improve biomarker signature performance, we have developed a prostate-selective stromal quantitation model which outperforms pan-organ models in prediction of stromal content. Importantly, our model led to considerable improvement of stromal signature performance in data adjusted for stromal proportion. The application of optimised stromal signatures will improve patient stratification and can be combined with tumour and immune signatures. Figure S8 . The performance of a 15-transcript stromal classifier [9] in GSE21034 [38] with or without stromalisation Figure S9 . The performance of a 93-gene SDMS [62] in GSE21034 [38] with or without stromalisation Figure S10 . The performance of a 93-gene SDMS [62] in GSE46691 [39] with or without stromalisation
